This paper proposes data-driven queuing models and solutions to reduce arrival time delays originating from aircraft arrival processing bottlenecks at Tokyo International Airport. A data-driven analysis was conducted using two years of radar tracks and flight plans from 2016 and 2017. This analysis helps not only to understand the bottlenecks and operational strategies of air traffic controllers, but also to develop mathematical models to predict arrival delays resulting from increased, future aircraft traffic. The queue-based modeling approach suggests that one potential solution is to expand the realization of time-based operations, efficiently shifting from traffic flow control to time-based arrival management. Furthermore, the proposed approach estimates the most effective range of transition points, which is a key requirement for designing extended arrival management systems while offering automation support to air traffic controllers.
Introduction
Global air traffic passenger demand is expected to increase 250% in the next 20 years [1] . To accommodate such air traffic growth, the air traffic management system strives to provide the airports and the sectors the traffic capacities needed to ensure arrival traffic punctuality, while having ecologically and economically friendly flights. At the same time, high levels of air traffic safety must be maintained. Reducing arrival delays is one of the most important functions of a ground arrival management (AMAN) system, which provides air traffic controllers with automation support for sequencing and spacing.
AMAN design requirements depend on the characteristics of a given arrival air traffic flow and its surrounding environment, e.g., runway and airspace capacity, weather conditions, air routes, and other geographical constraints. In the United States, the Traffic Management Advisory [2] was deployed in air traffic control centers in the 1990s, while its enhanced versions, the Time-Based Flow Management [3] and Terminal Sequencing and Spacing [4] , take into account future airborne-based operations [5] . These systems contribute to consistency in sequencing and time-spacing of arrival traffic in en-route and terminal airspace areas. In Europe, the ongoing SESAR project has facilitated collaboration among European countries and contributed to the development of "Enhanced" AMAN, which coordinates arrival time-schedules covering wider ranges of airspace than in the case of conventional operations [6] . Focusing on the busy terminal area, metaheuristics active solutions for efficient aircraft scheduling and re-routing were proposed to enable real-time optimization within a small computation time [7] . In the Asia-Pacific strategic air traffic flow management region, the Long Range Air Traffic Flow Management has been devised to provide a basis for research into applications beyond current system time-frames [8] . Ongoing Japanese research and development on "Extended" AMAN (E-AMAN) aims to achieve efficient arrival traffic flow at Tokyo International Airport [9] . To analyze bottlenecks that future arrival traffic flow may bring, mathematical models are useful to predict causes and provide solutions for reducing arrival delay times. In this light, we apply queue-based modeling for arrivals at a single airport and discuss new procedures and technologies that support air traffic controllers in handling arrival traffic at congested airports. Our proposed queuing approach provides closed-form analytical results about flight delay bottlenecks in the airspace area around the airport.
Several studies have modeled aircraft arrival and departure operations using queuing-based models. Air traffic in a sector is modeled in [10] as an M/M/s queue where the sector capacity s is defined as the number of aircraft transiting this sector at any time. This M/M/s queue is coupled to an M/M/1 queue that generates communication messages to be handled by air traffic controllers. Modi [10] established relations between the rate of communication messages for air traffic controllers and the aircraft arrival rate in the sector. A network of queues is employed to model a system of multiple airports in [11, 12] . In [11] , the propagation of delays is analyzed in a system of airports by means of M(t)/E k (t)/1 queues. In [12] , a Jacksonian network with M/M/s queues is used to model the entirety of air traffic over US airspace. The results show that this modeling approach approximates well a Monte Carlo simulation of the same system. Aircraft departures at a single airport are analyzed in [13] by means of a D/E k /1 queuing model. With the runway schedule as input, the model outputs the expected runway waiting time for an aircraft prior to departure. This model was applied in a case study for Newark Liberty International Airport to predict taxi-out times. In [14] , a queuing model is used to estimate the taxi-out time at Boston's Logan Airport. The arrival process at an airport is analyzed in [15, 16] , with particular focus on runway-related delays. In [15] , the expected waiting time for aircraft arriving on a single runway is determined using an M/SM/1 queuing model. Simple bounds for the expected waiting time are determined by comparison to the M/G/1 and M/D/1 models. However, the authors did not make use in their case study of operational data or compare their results against actual data. In [16] , the US National Airspace System is modeled as a network of queues, with the TRACON sectors being modeled as an M/E 3 /n queue. All the above models assume that arrivals and/or service times follow exponential or Erlang distributions. However, when analyzing actual air traffic data, these assumptions do not hold. In fact, it is often difficult to fit traffic data on known distributions. In addition, these models assume that operations, e.g., arrivals at a runway, occur one by one. Thus, the authors often make use of single-server queuing models. However, when considering the time aircraft use (fly within) airspace, several aircraft can be flown at the same time in an airspace. To model this, we assume a multi-server queue. As such, we consider a G/G/c queuing model that characterizes better the actual traffic data.
Given the above, the present paper proposes a queue-based modeling approach to estimating flight arrival delays and the impact of decreasing flight separation in the context of E-AMAN. We applied our models to arrival traffic at Tokyo International Airport, which is the world's fifth busiest airport with respect to passenger traffic. Our analysis builds on a data-driven analysis of actual flight plans and arrival flight track data. The contribution of this paper is twofold. First, we propose an analytical approach for estimating aircraft time delays in an extended area around a destination airport, while taking into account current aircraft separation and airspace capacity restrictions. Second, we analyze the impact on aircraft delays when considering novel arrival procedures that can accommodate increased arrival traffic volumes by reducing the minimum aircraft separation. This paper is organized as follows. Section 2 introduces air traffic operations at Tokyo International Airport, and characterizes the arrival traffic data recorded in 2016 and 2017. This data analysis supports the models subsequently presented. Section 3 proposes a queue-based modeling approach in which the aircraft arrival process is formulated as a G/G/c queuing model. Based on the data-driven analysis, probability distributions of the inter-arrival time and service time are estimated. In Section 4, the G/G/c queuing model is applied in estimating aircraft arrival delay time as a function of the distance from the airport. The estimation results permit analysis of the relationship between arrival rate and aircraft waiting time. In Section 5, we analyze the positive impact on the airspace capacity of reducing inter-arrival time within the arrival traffic flow. In this context, aircraft delay time is estimated by means of the proposed queue-based approach. Section 6 discusses how this proposed queue-based approach contributes to the design of E-AMAN procedures and technologies. Additionally, our future work on the mathematical modeling of the aircraft arrival process is discussed, as are further extensions of the study. Finally, Section 7 provides conclusions and outlines our plans for future work.
Case Study Data Description-Tokyo International Airport

Runway Layout
Tokyo International Airport is the fifth busiest airport in the world with respect to passenger traffic, with a total of 83,189,933 passengers in 2017. An increase of 4.32% in the number of passengers was registered in 2017 relative to 2016 [17] . An overall maximum of 447,000 flights (departures and arrivals) are accepted per year, with a maximum of 80 operations each hour. Over 60% of the domestic flights in Japan are concentrated at this airport. The airport makes use of four runways on a daily basis, while the choice of the runway configuration depends on the wind direction (see Figure 1 ). In north wind operations, runway 34L is used for arrivals from the southwest, runway 34R being used for arrivals from the north as well as for departure traffic. In south wind operations, runway 22 is used for arrivals from the southwest, and runway 23 for arrivals from the north. 
Statistical Analysis of the Arrival Air Traffic Flow
The present case study was based on flight plans and track data for a period of 71 days selected from the odd months of 2016 and 2017. All data cover nominal operation at Tokyo International Airport excluding weather impacts and other rare events. In 2016, there were, on average, 608 arrivals per day; 530 domestic and 78 international. In 2017, an average of six more international flights were accepted each day compared to 2016. Thus, 2017 saw a total of 614 arrivals per day; 530 domestic and 84 international. Table 1 shows the types of aircraft, by percentage, used for arrivals and departures. The majority of the aircraft are used for short-and medium-distance passenger transportation: A737-800 (B738), A320, and B767-300 (B763). Long-distance passenger aircraft such as B777-200 (B772) and B787-8 (B788) are also used. Fewer than 1% of the flights are business jets, such as the Gulfstream and Bombardier aircraft. Figure 2 shows the mean of flight arrivals and departures for each hour of the day. The black whisker shows the standard deviation of the number of arrivals and departures in an hour. The total number of arrivals between 08:00 and 23:00 is slightly below the maximum allowed daily traffic thresholds, with the most congested period occurring between 17:00 and 22:00. One salient feature of arrival traffic flow at Tokyo International Airport is that the arrivals come in either from the north or from the southwest. In the period from 08:00 to 23:00, an average of 569 arrival flights; 422 from southwest and 147 from the north. Figure 3 shows the flight track data for one day of operations in November 2016. The flight tracks of the arrivals using runway 34L are shown in red, while the flight tracks of the arrivals using runway 34R are shown in blue. Concentric circles, centered at Tokyo International Airport, are shown for radii at increment of ten nautical miles (NM), from 10 to 300 NM. Figure 4 shows the hourly number of flights arriving from southwest and from the north each hour between 08:00 and 23:00. The number of arrivals from southwest is approximately three times that from the north. In the near future, the number of arrivals from southwest is expected to grow as a result of an increasing Asian traffic demand [1] . Air traffic flow in Japan is controlled, with a central focus on arrivals at Tokyo International Airport. Figure 5 shows the average number of arrival flights crossing every concentric circle (see also Figure 3 ) each hour between 17:00 and 22:00 for all the days. The total number of arrivals is kept to a maximum 40, including 30 from southwest and 10 from the north. 
Model Description and Formulation of the Aircraft Arrival Traffic
Model Description and Formulation of the Aircraft Arrival Process as a G/G/c Queuing Model
Given the statistical analysis in Section 2, we propose a queuing model for arrival traffic from the southwest arriving at Tokyo International Airport between 17:00 and 22:00, which represents the most congested arrival period at Tokyo International Airport.
We specify our queuing model using an arrival flow, a service time, and a number of servers (see Figure 6 ) as follows. The aircraft arrive at a given airspace according to an hourly rate, i.e., a set number of arrivals per hour. The arrivals are separated in time for safety reasons. The time between two consecutive arrivals at an airspace is called the aircraft inter-arrival time. Upon arrival, the aircraft receive a service time, i.e., the time the aircraft spends flying the given airspace. We consider a multi-server queuing model, in which the number of servers indicates the number of aircraft that are allowed to be present at any time in the given airspace, i.e., the capacity of the given airspace. We formulate this aircraft arrival process by means of a G/G/c queuing model as follows. We consider an airspace area of radius 300 NM around the airport. We partition this area using concentric circles (see Figure 7 ) centered at the airport, with radii at increments of 10 NM. This partitioning defines 29 airspace areas 1, 2, . . . , 29, where area 1 is the airspace area around the airport in the circular ring defined by the 10 and 20 NM radii, area 2 is the airspace area around the airport in the circular ring defined by the 20 and 30 NM radii, and so on. An aircraft traffic flow arriving at area 1 crosses the circle of radius 20 NM, while an aircraft arriving at area 2 crosses the circle of radius 30 NM, and so on. By analyzing the historical traffic data, the arrival and service times could not be fitted to specific distributions such as exponential or normal distribution. Thus, we assumed general, data-based distributions to characterize the arrival process of aircraft at an airspace and the time to fly in a given airspace. In addition, to model the fact that several aircraft can be present at the same time in a given airspace, we assumed a multi-server queue.
We analyze each specific airspace independently. We are interested in the delays associated with arrivals in a specific area defined by two concentric circles, with a radius difference of 10 NM. This analysis based on an airspace defined by concentric circles can support the design of new sectors around the Tokyo International Airport, which is currently an on-going process at this airport. 
Data-Driven Analysis of the Flight Arrival Traffic
Our modeling approach in Section 3.1 is motivated by a data-driven analysis based on the flight plans and radar data corresponding to the arrival aircraft in 2016 and 2017. Figure 8 shows the empirical distribution of service times corresponding to the airspace area i ∈ {1, 2, . . . , 9, 11, 13, 15, 19, 24 , 29} with Gaussian fitting. As shown in Figure 8 , a Gaussian distribution approximates well the service time distribution. Figure 9 shows the characteristics of the empirical service time distribution corresponding to airspace area i ∈ {1, 2, . . . , 29} and Gaussian fitted distributions. Comparing these probability densities clarifies not only the empirical distributions of the service time in the assigned airspace, but also emphasizes the current strategies that the air traffic controllers use for arrivals at Tokyo International Airport. One of the most significant strategies is illustrated in the service time distribution for the airspace areas i = 3 and i = 4, which, together, correspond to the airspace between the concentric circles of radii 30 and 50 NM. Figure 9 shows that the service time variance is enhanced in these airspace areas compared to other areas. This is explained by the fact that the arrival time-spacing is actively conducted by air traffic controllers in the airspace between concentric circles of radii 30 and 50 NM, just before the aircraft enter the terminal area. The increase in both the mean service time and the service time variance in the direction of the airport is due to the airspeed reduction that arriving aircraft undertake prior to landing. For service time, the mean and variance converge close to the circle of radius 200 NM. This circle captures current arrival strategies, since this is the airspace within which the traffic control capacity is met and the spacing at merging points is filled. Between circles of radii 200 NM and 300 NM, air traffic controllers make an effort to maintain safe and efficient traffic flows by prioritizing airlines' own procedures. In summary, there are three main strategies illustrated by the service time distributions for arriving aircraft: (i) arrival time-spacing within the circle around 50 NM, especially between the 30 and 40 NM radii circles; (ii) arrival metering for traffic capacity control and spacing at merging points between the 50 and 200 NM circles; and (iii) maintaining efficient traffic flow by prioritizing airlines' own procedures beyond the 200 NM circle. Minimizing arrival delays and operational costs requires great consideration in combining these different strategies. Figure 10 compares empirical probability densities of aircraft inter-arrival time corresponding to airspace area i ∈ {1, 2, . . . , 9, 11, 13, 15, 19, 24 , 29} with their exponential fittings. Figure 10 shows that the empirical distribution of the inter-arrival time is well approximated by an exponential distribution where the arriving aircraft fly beyond the 150 NM circle. However, the inter-arrival times converge to a nearly Gaussian distribution towards the departure airports. In Table 2 , C e [A i ] is the empirical coefficient of variance defined as:
where E[A i ] and σ A i are, respectively, the mean inter-arrival time and the variance of the inter-arrival time in airspace i. When C e [A i ] = 1, the empirical distribution of the inter-arrival time is well approximated by an exponential distribution. For C e [A i ] values much larger or smaller than 1, the empirical distribution deviates from exponential. Based on the results of the data analysis above, we model the aircraft arrival process in an airspace area using a G/G/c model, where both service time and inter-arrival time follows general distributions. Aircraft arrive at area i, 1 ≤ i ≤ 29 according to a general probability distribution specific to that region. Upon arrival at airspace area i, aircraft spend a random amount of time flying in this airspace before arriving at airspace i − 1, 1 < i ≤ 29. The flying time for an aircraft in an airspace area follows a general probability distribution specific to that region. In each airspace area, aircraft with the same number of servers c are at most allowed to be present at the same time. This constraint reflects the capacity constraints imposed on the aircraft arrival airspace. As a result, additional aircraft need to delay their entrance mainly by means of vectoring and/or speed adjustments. We define aircraft processing time in region i as the flying time in airspace area i plus any delay imposed in airspace area i due to congestion in area i − 1.
We model the aircraft present in an airspace area i, 1 ≤ i ≤ 29 as a G/G/c queue. The inter-arrival times in airspace area i, 1 ≤ i ≤ 29 are identically and independently distributed according to a general distribution with finite mean. Let E[A i ] denote the expected inter-arrival time of aircraft arriving in airspace area i, 1 ≤ i ≤ 29. The aircraft service times are independent and identically distributed according to a general distribution with finite mean. Let E[B i ] denote the expected service time of aircraft in airspace area i, 1 ≤ i ≤ 29, i.e., an aircraft's expected flying time in area i. Aircraft inter-arrival times and service times are independent of each other. Let ρ i denote the mean amount of work that arrives per unit time in airspace area i, 1 ≤ i ≤ 29. In addition, there are c parallel, identical servers. To ensure queue stability, we have that:
Equation (2) ensures that the rate at which aircraft arrive at airspace area i, 1 ≤ i ≤ 29 is lower than the rate at which aircraft are serviced in this area and, consequently, the aircraft queue length remains finite in the long -run. Table 2 shows the values of ρ i for c = 2, all parameters in Equations (1) and (2), and σ B i corresponding to data between 17:00 and 22:00. As shown in Table 2 , ρ i < 1 is satisfied for all i. 
Analyzing Aircraft Arrivals Using a G/G/c Queuing Model
Determining Aircraft Delay Time
In this section, we determine the time an aircraft is potentially delayed during the flight. Here, an airborne delay is achieved by requesting the aircraft to fly a longer route, i.e., vectoring/metering/speed adjustments.
Let D i denote the delay that an aircraft experiences in the airspace area i, 1 ≤ i ≤ 29 due to lack of capacity in the area i − 1. Following the authors of [18] [19] [20] [21] , we approximate the total airborne delay in airspace area i as follows:
where This means that the arrival process is considered a Poisson process with a parameter λ i , where service times are assumed to follow an exponential distribution with a parameter µ i and there is a fixed number of parallel servers c. Moreover, for stability, we have that ρ i = λ i c·µ i < 1. The expected delay E[D M/M/c ] in an M/M/c queuing model with Poison arrivals with rate λ, mean exponential service time 1/µ and c parallel, identical servers is well-known and determined, following [22, 23] . Let p n denote the probability of having n customers in the system. The balance equations of an M/M/c queuing model are then: λp n−1 = min{c, n}µp n , n ≥ 1.
(4)
Recursively solving Equation (4), p n = (cn) n n! p 0 , n > 1. Now, using that ∑ n≥0 p n = 1, it follows that
Finally,
We also note from Equation (4) that p n+c = p n p c , n > 0. With ∑ j≥c p n as the probability that an arriving customer in the system is delayed because there are already c or more customers in the system, and using that p n+c = p n p c , n ≥ 0 and Equation (6), the expected queue length, denoted by L Q , is:
Following Little's Law [24] , we also have that
Now, from Equations (7) and (8),
Equation (3) 
Arrival Delay Times for Different Aircraft Arrival Rates
In this section, we determine the aircraft arrival delay D i in an airspace area i for the most congested time period of arrivals between 17:00 and 22:00. Figure 11 shows the number of aircraft flying in airspace area i ∈ {2, 3, ..., 29}. We consider c = 2 to represent the current airspace capacity since the data show the highest mean number of aircraft in an airspace to be at most two across all considered airspace i. As shown in Figure 11 , the median in the terminal area approximately within 50 NM, where i < 5, takes 2 (i = 1, 2, 4) or 1 (i = 3), and the median in the en-routes takes 1 or 0. The mean at i = 3 is larger than 1. The reason to give the value c = 2 for i > 4 airspace is also relevant from the perspective of safety in air traffic control in the en-route airspace. In particular, the inter-arrival aircraft distance is approximately 5 NM (i.e., two aircraft within a 10 NM range), which is exactly the minimum aircraft separation currently needed for radar separation in the en-route airspace. Figure 5b , the maximum volume of arrivals from the southwest direction is 30 aircraft per hour. This number can be adjusted to account for increased runway throughput. One potential way to increase the number of arrivals per hour is to apply new wake vortex categories, so-called RECAT (Wake Turbulence Re-categorisation), which enable shorter inter-arrival aircraft times than the current operation at Tokyo International Airport.This paper considers a new wake vortex category, which is currently under review in ICAO's Wake Turbulence Working Group. Figure 12 compares current and estimated, future volumes of arrival traffic. The estimated arrival traffic volumes are determined by applying the Wake Turbulence Re-categorization (RECAT), which is "minimum separation" for three automation levels: "Metering", "GIM (Ground-based Interval Management)", and "IM (Interval Management)" [25] . "Metering" operations constitute ATCo's sequencing and spacing tasks currently supported by AMAN. "GIM" operations implement advanced AMAN support for ATCo. "IM" operations allow high-levels of automation support, typically a mixture of airborne self-separation and advanced AMAN usage. Each automation level affects the safety margin, which adds extra time-separation ∆ I AT to RECAT time-separation, T RECAT . As a consequence, inter-arrival time T I AT is calculated as follows:
As shown in
where ∆ I AT = 16.5 for "Metering", ∆ I AT = 12.0 for "GIM" and ∆ I AT = 5.0 for "IM", with hourly arrival traffic volume estimated using Equation (9), as shown in Figure 12 . We use the value T I AT and the estimated aircraft delay based on Equation ( Figure 13 and Tables 3 and 4 show the arrival delay time estimated using the G/G/c model. As shown in Tables 3 and 4, ρ i < 1, i ∈ {2, . . . , 29}, noting that ρ i > 1 for i = 1 in Table 4 . Therefore, estimation results for i = 2, r, ..., 29 are compared in Figure 13 . In the current operations (30 arrivals per hour), the arrival delay increases by 21.66 and 17.05 s, respectively, in airspace area i = 3 (i.e., between the circles of radii 30 NM and 40 NM) and airspace area i = 4 (i.e., between the circles of radii 40 and 50 NM). When the traffic volume is increased by applying minimum separation under Metering operations (36 arrivals per hour), the arrival delay time increases to 104.9 and 52.49 s, respectively, in airspace i = 3 and i = 4. A significant aircraft delay increase is projected in the airspace between the circles of radii 30 and 50 NM radius if the current service levels are maintained under future increases in arrival traffic volume. As shown in Figure 9 and Table 2 , the variance of the service time increases in this airspace because arrival time-spacing is controlled there under current operations. If the arrival rate is increased beyond the service rate, the queue stability no longer holds in the airspace when the limiting value of c = 2 aircraft is reached in each airspace. 
Analyzing the Impact of Increased Airspace Capacity by Decreasing Minimum Aircraft Separation
In this section, we analyze the impact of increased airspace capacity c = 3 using the G/G/c model. Considering c = 3 allows that three aircraft are served (i.e., allowed to be present) at the same time in a single airspace. As explained in Section 4.2, c = 2 represents the situation where two aircraft co-occupy the assigned airspace, keeping a 5 NM minimum separation distance while flying in an airspace of 10 NM length. If c = 3 is allowed in the same operation, the arrival aircraft separation can be reduced to less than 5 NM, e.g, two arrival pairs maintain a 3 NM separation while one pair maintains a 4 NM separation. Applying RECAT for current arrival sequencing with current aircraft types at Tokyo International Airport theoretically enables us to realize airspace capacity c > 2 if accurate time-spacing is achieved. To increase the airspace capacity, arrival time-separation needs to be controlled more precisely. Tables 5 and 6 show the estimated aircraft arrival delay when c = 3, as assumed for current operation and for Metering operation. Tables 5 and 6 . These results show that decreasing the minimum aircraft separation has a positive impact not only by increasing runway throughput, but also by decreasing arrival delay times in key airspace areas. The next section discusses how these benefits can be delivered. 
Discussion
When arriving aircraft are flying far from the destination airport, the arrival traffic flow is controlled by airspace and airport capacity constraints. Close to the destination airport, flow control shifts to time-based arrival management in order to realize the required inter-arrival times between assigned aircraft arrival times. Applying a minimum inter-arrival aircraft time allows for an increased runway throughput. In this case, however, the most important questions are as follows: (i) How does decreasing inter-arrival aircraft time impact aircraft arrival delays? (ii) How can the arrival delay time be minimized while accommodating increasing air traffic demands? Below, we provide insight on these questions.
To address the first question, our G/G/c queuing model for arrival traffic, with model parameters derived by analyzing actual flight data, yielded the following preliminary results: decreasing inter-arrival time is one of the most powerful solutions for reducing arrival delay times occurring in airspace bottleneck areas, i = 3 and i = 4. Arrival delays can be remarkably reduced while allowing an increasing number of aircraft arrivals, as long as time-based separation can accommodate c = 3 (i.e., three aircrafts present in a single airspace area at the same time), and as long as inter-aircraft separation can be reduced from that observed under current operations, i.e., a new wake vortex category is applied.
The second question can be addressed in a discussion of the transition point at which arrival management efficiently shifts from traffic flow control to time-based operation. Here, our arrival time delay estimates (see Figure 14 ) allow us to judge the transition point by smoothly interpolating the plots between c = 2 and c = 3, as shown in Figure 15 . This estimation shows that the most efficient transition will be realized around 70 NM distance from the airport. Conventionally, improving automation levels in the future arrival management, i.e., applying aircraft self-separation and/or advanced AMAN, are discussed targeting increasing runway throughput, as shown in Section 4.2. However, their impacts on the overall arrival traffic flow have not been studied yet. This paper provides a quantitative approach which estimates bottlenecks and arrival delay time in the traffic flow as impacts of increasing runway throughput. Feasible solutions were clarified to achieve increasing arrival rate up to 120% (36 arrivals in an hour) while reducing arrival delay time for a case study airport. These results provide a meaningful practical value in the on-going process of developing global standards on the automation system design in air transport. The authors' future work will estimate the maximum potential of arrival rates considering the automation levels and runway occupancy time at the airport under the latest air traffic data in 2019 corresponding the new configurations of airspace and air routes at the airport. The bottlenecks and feasible solutions will be clarified based on the proposed data-driven queuing approach.
Although the G/G/c model is advantageous in clarifying these questions, mathematical restrictions prevent application of such models for operations in which the stability condition ρ < 1 is not satisfied. As expressed in Equation (2), if the system workload ρ is not less than 1, then the queue becomes unstable and the estimated delay time for incoming aircraft tends to become extraordinarily long. The second restriction of the G/G/c model is the approximation accuracy of the estimated delay given by Equation (3): for a fixed c, the delay approximation provided in Equation (3) is asymptotically correct as ρ approaches 1 [18] , regardless of the values of C A i and C B i , 1 ≤ i ≤ 29. Moreover, even for moderate values of ρ, Equation (3) has been shown to be a good approximation, provided 0.9 ≤ C A i ≤ 1.1 and 0.9 ≤ C B i ≤ 1.1 [18] . As shown in Tables 3-6, the G/G/c queues considered for all 29 airspace areas satisfy the queue stability requirement. However, the ρ value is not always close to 1, making the approximation of the delay less accurate, particularly in airspace far from the airport. To improve delay estimation accuracy, our future work will apply other queue-based modeling, and will compare estimation results with a macroscopic analysis of aircraft arrival by means of M/G/c/K queuing models.
Conclusions
This paper proposes a queue-based modeling approach based on a data-driven analysis of radar tracks and flight plans in 2016 and 2017 at Tokyo International Airport. This analysis identifies bottleneck areas causing arrival delays. Mathematical analysis shows that reducing inter-aircraft arrival time is one helpful solution for reducing arrival time delays. This solution's benefits would be delivered by efficiently shifting traffic flow control to arrival time management across a range of transition points. Fulfilling a key requirement of E-AMAN design, the most efficient range of transition points is estimated from the proposed data-driven queuing models, adopting values particular to each airport.
Currently, Tokyo International Airport's reorganization of airspace and route structures is on-going, with promises of increasing passenger movement accompanying the Tokyo Olympic Games scheduled for 2020. We plan to verify our results in the context of this future increase in arrival traffic demand. We will apply our proposed approaches to analyses of arrival traffic at various airports whose individual properties differ from those of Tokyo International Airport. As such, different types of queuing models will be applied to further confirm the present paper's results. Lastly, parameters in the queuing models will be optimized to indicate the ideal arrival traffic flow, not only targeting arrival delays but also mitigating economic and ecological impacts. 
